Key Points: 16 • Information on the time sequencing of precipitation rates is successfully extracted from 17 four soil moisture retrieval datasets.
Introduction
to us at the time of this writing. These data are limited to the descending swaths of the SMAP 139 data, corresponding to local retrieval times of 6 AM. The retrievals are obtained using the Single 140 Channel Algorithm [Jackson et al. 2015] and are currently based on V-polarized brightness 141 temperature observations only. We excluded coastal pixels from our analysis, and we considered 142 only those retrievals that have been flagged as "attempted" and "successful". To allow greater 143 global coverage, however, we ignored the flag associated with "recommended quality". We also 144 ignored flags indicating the potential presence of snow or frozen soil; given the time period 145 considered (May for calibration, and mid-June through mid-October for validation, as discussed 146 below), this should have minimal impact on our results over most of the globe. radiometer and primarily maps soil moisture and ocean salinity. It observes the Earth in a sun-151 synchronous orbit at 6 AM/PM local overpass time at incidence angles ranging from 0° to 65°, 152 and, like SMAP, it has a temporal revisit of 2-3 days and a nominal spatial resolution of about 40 153 km. For this study we use Level 2 retrieval data from the SMOS SMUDP2 product version v620. 154 The SMOS retrieval algorithm simultaneously retrieves soil moisture and other variables, such as were regridded from a 12.5 km posting resolution to the 36-km EASEv2 grid; during this 163 aggregation step, the data were screened for excessive sub-36-km heterogeneity (spatial standard 164 deviation > 0.5 m 3 /m 3 ) that may be indicative of RFI or the presence of open water bodies. 165 We use two distinct SMOS datasets in this study: SMOS-A, consisting of data collected 166 on ascending passes of the satellite (corresponding to 6AM local time), and SMOS-D, consisting 167 of data collected on descending passes (corresponding to 6PM local time). The data are 168 separated in this way because the timing of the overpass has a potentially significant impact on 169 retrieval accuracy (see, e.g., Lei et al. [2015] ). By using both SMOS datasets, we should be able 170 to see if the expected increase in accuracy for SMOS-A translates to a corresponding increase in 171 the accuracy of precipitation estimation. For this study, we took advantage of the availability of an ASCAT dataset already processed by 178 the SMAP mission for comparison with SMAP morning retrievals. To construct this dataset, the 179 9:30 AM (descending) ASCAT L2 soil moisture index posted at 12.5 km resolution was re-180 gridded to EASEv2 at 36 km by averaging the data using inverse distance weighting for each 181 day. ASCAT retrievals were masked out if the probability of snow, frozen ground, wetland, or 182 significant topography exceeds 50% or if the soil moisture estimation uncertainty due to other 183 sources exceeds 50%. The soil moisture index on EASEv2 at 36 km was converted to 184 9 volumetric soil moisture by multiplication with soil porosity, which was also delivered (at 9 km) 185 as ancillary data [De Lannoy et al. 2014 , Mahanama et al. 2015 196 As its name implies, the CPCU data are based on rain gauges only; no satellite-based 197 rainfall information was used in the construction of the dataset. In focusing on the gauge-based 198 data, we implicitly assume that it is the most accurate data available. Indeed, gauge-based data 199 are generally used to validate satellite-based precipitation retrievals [Huffman et al. 1997 ]. The 200 usefulness of the dataset for validation is nevertheless limited in regions of low rain gauge 201 density. Fig. 2 shows the rain gauge density associated with the CPCU data used. High densities 202 are seen in much of North America and Europe and in various parts of the other continents. On 203 the other hand, low densities appear, for example, in high northern latitudes, in the Amazon, and 204 in most of Africa. In such low-density regions, we cannot pretend to know (from the CPCU 205 dataset or, arguably, from gauge-based precipitation datasets in general) what the true daily 206 precipitation rates are. We will refer to the density map in Fig. 2 as we proceed with our 207 10 analyses. Note that the map uses density units of #gauges/0.5°×0.5°-cell; these densities, with no 208 change in units, are re-gridded using areal weighting to the finer EASEv2 grid at 36 km for use 209 in evaluating our precipitation estimation accuracy.
210
Another important issue regarding the CPCU precipitation data involves the reporting 211 time for the daily values, which differs by region -some regions may report values for 6AM-212 6AM local time to the CPCU data collectors, others may report calendar-day values, and so on.
213
To reduce the impact of the potential inconsistency between the gauge precipitation 214 measurements and the retrieval-based estimates, we will focus our validation on 5-day 215 precipitation totals; for each day in the validation period, we compare the estimated total 216 precipitation from two days prior to two days after the reported date to the corresponding total 217 from CPCU. Through such a procedure, of course, some inconsistency may still remain on Day 218 -2 and Day +2. Note that this remaining inconsistency can only reduce the computed 219 precipitation estimation skill levels, so that true skill levels may in fact be higher than those 220 established here.
221
Finally, we do not attempt here to separate the observed precipitation rates into rainfall 222 and snowfall rates. Again, given the time period considered in this analysis (northern 223 hemisphere warm season), this should have limited impact on our results over most of the globe. represent drainage, which can reduce surface soil moisture even during precipitation events.
237
Because this drainage is larger for wetter soils, precipitation has to "fight harder" to increase soil 238 moisture when the soil is wetter; this second term captures this effect. The presence of this term 239 allows (1) to estimate nonzero rainfall even when the soil moisture decreases slightly over the term; here, a second term is included to tie the assumed drainage to both the initial and final soil 242 moisture states, to approximate an average drainage.)
243
Of course, any such algorithm has an important limitation: its ability to capture high 244 precipitation rates is necessarily limited by the fact that soil moisture cannot exceed porosity, so 245 that any precipitation water that forms overland flow will necessarily be missed. Also, the 246 imprint of a given precipitation volume on a soil moisture retrieval will presumably depend on 247 how long before the retrieval the precipitation event occurred, and satellite retrievals in any case 248 contain error that will necessarily be propagated to the precipitation estimates. Our metric for evaluating the algorithm's ability to estimate precipitation is the square of 257 the correlation coefficient (r 2 ) between our precipitation estimates from Eq. (1) and 258 corresponding observed (gauge-based) precipitation rates. Thus, in this paper, we are evaluating 259 the estimation of the time sequencing of precipitation and the associated capture of the relative 260 magnitudes of different storms rather than the absolute magnitudes of the rates, as would be 261 addressed with a root-mean-square-error metric. By using an r 2 metric, we are in fact evaluating 262 a quantity that is directly proportional to the actual precipitation rate, which has the distinct 263 advantage of reducing from 3 to 2 the number of parameters needing calibration in Eq.
(1) -264 there is no need to calibrate the scale factor α. When it comes time to producing actual 265 precipitation estimates, our estimates would need to be scaled accordingly, presumably in a very 266 simple way using ratios of long-term observed precipitation totals to long-term estimate totals, 267 either in the region of interest or, for a region without adequate precipitation measurement, in a 268 region of similar soil texture. Alternatively, the information contained in the (unscaled) time 269 sequences could be used directly in conjunction with other precipitation time series (e.g., from 270 rain gauges, satellite missions focused on rainfall) to produce improved hybrid datasets -a 271 distinct possibility if the soil moisture-based information is determined to be significant through 272 the r 2 metric.
273
The satellite soil moisture retrievals are not available on a daily basis; they are often 274 separated by two or three days. The effective temporal resolution of the associated SM2RAIN 275 precipitation estimates is necessarily tied to these retrieval times. In our analyses, if two 276 13 consecutive retrieval intervals are separated by N days, the resulting SM2RAIN estimate of 277 precipitation rate from (1) is assigned to each of those N days. As noted in section 2.2, we 278 further coarsen the resulting daily time series of estimated precipitation rates to a sequence of 5-279 day averages, which we compare to corresponding 5-day averages of rain gauge data from the 280 CPCU dataset. robustness; we determine a single set of parameters that can be used everywhere across the 287 globe. Going to region-specific or hydrological regime-specific parameter sets would 288 theoretically only increase our computed estimation accuracies.
289
Using a single set of parameters makes it necessary, when processing the satellite 290 retrievals, to standardize soil moisture contents by: (i) determining, at each grid element, the 291 minimum soil moisture obtained over the period of record, and then (ii) subtracting this value 292 from each retrieval at that grid element. In conceptual terms, such a calculation has both an 293 advantage and a disadvantage. The advantage is that it addresses the fact that different locations 294 on the globe may (at least for certain retrieval datasets) have different soil moisture minima, as a 295 function, for example, of soil texture. The subtraction in effect provides all locations with a 296 single common baseline -any soil moisture above the baseline, anywhere across the globe, has 297 the potential to decrease during an interstorm period. The disadvantage is that many locations 298 may never experience their true minimum value during the period of record, so that the baseline 299 14 utilized for them is inaccurate. We proceed with full knowledge of this disadvantage, knowing 300 that the inaccuracy would eventually be reduced as more satellite data are collected, and 301 furthermore realizing that the inaccuracy, as it currently exists, can only degrade the performance 302 of our present calculations. If the precipitation algorithm is shown now to perform well despite 303 the inaccuracy in the estimated baseline soil moisture, then the inaccuracy can be assumed The red dots in Fig. 3a show the time series of SMAP soil moisture retrievals at a 323 representative location in the central US (a farmland region in southwestern Kansas). The dark 324 blue histogram bars in Fig. 3a show the precipitation time series estimated from these retrievals 325 using (1). Careful study of these data shows that nonzero precipitation is indeed sometimes 326 estimated with (1) even during periods of decreasing soil moisture, especially when the initial 327 soil moisture is high. and low values in regions of low or zero density. We can reasonably argue that the true 346 precipitation is simply not well known in areas with low gauge density and that, if the true 347 precipitation were in fact known better in these regions, the skill found for the satellite-based 348 estimates there would be much larger. 349 We can increase skill levels further by addressing spatial representativeness error. As respectively.
382
We generalize further the relative skill levels of the different datasets and the impact of 383 rain gauge density on this skill in Fig. 6 . For a given satellite retrieval dataset, and for both the 384 36-km and aggregated ~100-km resolutions, we compute the average of the precipitation 385 estimation skill (r 2 ) over all land points having a gauge density within a stated range. Over 1000 386 values contribute to each average.
387
Two results are clearly evident from Fig. 6 . First, for all retrieval datasets, precipitation with ASCAT performing slightly better at low rain gauge densities.
395
What causes these differences in precipitation estimation skill between the retrieval 396 datasets? We can speculate that the differences are related to the inherent noise levels of the 397 datasets. All soil moisture retrievals are subject to some noise, and by differencing two 398 consecutive retrievals in (1) vertical gradients exist that can make soil moisture estimation more difficult. (Note, however, 415 that at least one study [Hornbuckle and England, 2005] found the opposite: more vertical 416 uniformity in the evening.) Regardless of reason, assuming (following Lei at al. [2015] ) that 417 SMOS-A retrievals are less noisy, the higher precipitation estimation accuracy found for SMOS-
418
A relative to SMOS-D makes sense, though the SMOS-D estimates presumably also incur 419 reduced r 2 values from increased inconsistency with the CPCU gauge measurement times.
420
Again, both SMAP and SMOS are L-band instruments and thereby see emissions from 421 deeper into the soil than C-band instruments such as ASCAT (~5 cm vs ~2 cm). In the context 422 of characterizing the connection between soil moisture and precipitation, the increased depth is 423 an advantage, for at least two reasons. First, the greater depth can distinguish a greater range of 424 precipitation inputs -while a 1 cm rainfall event and a 2 cm event may both saturate a dry 2 cm 425 layer (given a 50% porosity), the two events will produce distinctly different levels of soil 426 moisture increase for a 5 cm layer. Second, deeper layers are characterized by greater 427 persistence (e.g., Koster and Suarez [2001] ); bare soil evaporation will reduce the average soil 428 moisture content of a 2 cm layer more quickly than that of a 5 cm layer, and thus the latter can 429 better retain information about a precipitation event if the event and the subsequent soil moisture to October, although for 2010-2011), we find precipitation skill levels for ASCAT (not shown) 439 that are similar to those shown in Fig. 5d , though with some regional differences. Interestingly, versus corresponding rain gauge observations is about 0.6 in parts of the globe for which the 463 precipitation measurements used for validation are particularly reliable (Fig. 6) . These skill Fig. 5d , suggesting that use of the additional data would have had little effect. Still, the 483 following caveat is worth mentioning: a definitive C-band analysis that includes 2015 ascending 484 data has not yet been performed.
485
As illustrated in Fig. 6, rain regions (e.g., parts of the Sahel), for which the quality of the precipitation measurements is poor.
495
Assuming that the retrievals have the same basic accuracy everywhere, and assuming that scaling 496 factors obtained for well-gauged areas could be transferred to ungauged areas based on soil type 497 and other considerations, our results suggest that the retrieval-based precipitation estimates could 498 be applied to great advantage in these areas -the estimates would arguably be better than gauge-499 based precipitation products.
500
This is, of course, an ambitious interpretation of the results. The retrieval-based 501 precipitation estimates would presumably be poor in tropical forests (e.g., the Amazon) given poor. Still, given that precipitation is generally more difficult to capture correctly than 506 temperature, the interpretation is worth exploring with further study.
507
In any case, as noted in the introduction, perhaps the greatest value of the soil moisture-508 based precipitation estimates lies in their potential combination with alternative precipitation 509 estimates to produce a single, superior precipitation dataset. This potential depends in large part 510 on the degree to which the soil moisture-based estimates provide unique and complementary 511 information about the temporal and spatial distributions of precipitation in nature. Devising an 512 optimal strategy for combining the soil moisture-based estimates with those from, for example, 513 gauge networks and satellite-based precipitation retrievals is beyond the scope of this paper; 514 note, however, that relevant issues have been discussed in several recent studies (e.g., Crow et al. Again, as noted in the introduction, in situ gauge measurements, while providing direct 519 (and thus high quality) measurements at gauge sites at high time resolution, are point 520 measurements and do not necessarily capture well the precipitation that falls across large areas.
521
Gauges are, in any case, sparse or wholly absent in many parts of the globe. Satellite-based 522 precipitation measurements (e.g., from GPM) provide high temporal (e.g., half-hourly) and 523 spatial resolution (e.g., 0.1°) data but to some degree are limited by both the "snapshot" nature of happened between the soil moisture retrievals (akin to gauge measurements, but for large areas)
541
-precipitation amounts falling between the "snapshots" of precipitation retrievals can be 542 captured with the soil moisture-based estimation approach. 543 We emphasize again that it is presumably by combining approaches, emphasizing the 544 strength of each one, that an optimal global precipitation dataset can be constructed. precipitation estimation skill (r 2 ) at the 36-km resolution for the four different datasets, 686 binned according to rain gauge density (# gauges / 0.5°×0.5° grid cell, as in Fig. 2) . That 687 is, an r 2 value at a given location is included in an average if the local rain gauge density 688 falls within the indicated range. b. Same, but for the aggregated ~100-km resolution 689 estimates shown in Figure 5 . In the top panel, the number of grid cells contributing to a 690 given binned average is provided in brackets above the histogram bars. 
